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Highlights: 
 Comparison of latent curve and mixture models using substance use data 
 Interrogating and modelling appropriate data distributions was critical  
 Mixture models were generally the best fitting although had analytic limitations 
 Latent curve models were robust solutions in terms of fit and analytic strengths 
 A complementary framework including both modelling approaches would benefit 
substance use researchers 
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Abstract 
Background: Modelling trajectories of substance use over time is complex and requires 
judicious choices from a number of modelling approaches. In this study we examine the 
relative strengths and weakness of latent curve models (LCM), growth mixture modelling 
(GMM), and latent class growth analysis (LCGA). Design: Data were drawn from the 
Australian Temperament Project, a 36-year-old community-based longitudinal study that has 
followed a sample of young Australians from infancy to adulthood across 16 waves of 
follow-up since 1983. Models were fitted on past month alcohol use (n=1468) and cannabis 
use (n=549) across six waves of data collected from age 13-14 to 27-28 years. Findings: Of 
the three model types, GMMs were the best fit. However, these models were limited given 
the variance of numerous growth parameters had to be constrained to zero. Additionally, both 
the GMM and LCGA solutions had low entropy. The negative binomial LCMs provided a 
relatively well-fitting solution with fewer drawbacks in terms of growth parameter estimation 
and entropy issues. In all cases, model fit was enhanced when using a negative binomial 
distribution. Conclusions: Substance use researchers would benefit from adopting a 
complimentary framework by exploring both LCMs and mixture approaches, in light of the 
relative strengths and weaknesses as identified. Additionally, the distribution of data should 
inform modelling decisions. 
Key words: Substance Use, Latent Curve Model, Growth Mixture Model, Latent Class 
Growth Analysis, Negative Binomial 
 
1.1 Introduction 
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There is continued debate about how to appropriately model population heterogeneity in 
individual-level substance use over time. Growth modelling methodologies have provided 
several approaches and have been used regularly in the substance use literature (e.g. Chen 
and Jacobson, 2012; Nelson et al., 2015; Tucker et al., 2005). However, the suite of growth 
modelling options available can lead to uncertainty when selecting a modelling approach. 
This is additionally complicated because substance use data are rarely normally-distributed, 
which is a common assumption common, requiring additional statistical adjustments. Whilst 
previous research has provided a robust examination of growth modelling approaches with 
categorical ordinal data (Feldman et al., 2009), the field’s knowledge may be significantly 
advanced through better understanding of the variation arising in modelling approaches when 
utilising continuously scaled substance use data. 
Latent Curve Models 
Latent curve models (LCMs) offer one method of quantifying substance use over time. 
Generally, LCMs are a specific application of structural equation modelling. In LCMs, the 
observed variables are repeated measures of the same variable (e.g., substance use 
frequency), and latent (unobserved) variables (e.g., intercept and slope) describe the 
trajectory of change over time in the observed variables. Importantly, the mean of any latent 
growth variable represents the average growth for the sample, whilst the variance of the latent 
variable is a measure of individual variability around this mean growth over time (Preacher et 
al., 2008). Consequently, LCMs of substance use data identify both the average trajectory of 
the sample and how each individual differs from this average. This is often considered as a 
variable-centred approach (Laursen and Hoff, 2006), as variation in substance use trajectories 
is provided for each aspect of growth (e.g., intercept and slope latent variables) within each 
person. A common assumption underlying LCMs is that the estimated growth parameters are 
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normally distributed. When the observed data are highly skewed, as in substance use, it is 
important to address the potential violation of this assumption.  
Mixture Models 
Mixture models, which can be viewed as an extension of LCMs, are another method of 
quantifying change over time. Two of the most common mixture models are growth mixture 
modelling (GMMs) and latent class growth analysis (LCGA). These models are generally 
considered as person-centred analyses (Laursen and Hoff, 2006), as they assume that there 
are unobserved, qualitatively distinct sub-populations or classes within a larger population, 
whose members share a similar pattern of growth over time(Nagin, 2005). Consequently, 
mixture models are able to identify trajectory patterns of substance that putatively reflect 
taxonomic distinctions.  
GMMs have gained substantial attention, particularly because they may address concerns 
regarding the non-normally distributed growth parameter variation expected within substance 
use data (Feldman et al., 2009). Specifically, GMMs relax assumptions of normality by using 
a number of normal distributions to characterise a larger, potentially non-normal, distribution. 
However, GMMs still require within-class normality (Feldman et al., 2009), for which even 
mild violations can result in the extraction of too many classes (Bauer, 2007). More 
specifically, the population distribution of growth is represented as a discrete number of 
latent classes, each with their own trajectory of growth over time represented by latent 
growth parameters. Given that each class in a GMM is represented by its own trajectory of 
growth, decisions must be made about how to model these separate trajectories. While at the 
most basic level the variance of any latent growth variables is held equal across classes this 
can be relaxed and the variability can be estimated separately within each class.  
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LCGA is a restricted application of GMM, specifying that all individuals within the same 
class follow the same trajectory (Nagin, 1999). In practice, this equates to restricting the 
variance of latent growth parameters within each class to zero, and thus only the mean growth 
over time for each class is estimated (Jung and Wickrama, 2008). Since no within-class 
variance is estimated, the assumption of within-class normality which applies to GMMs does 
not apply to LCGA; however, local independence is instead assumed, such that the indicators 
are independent conditional on class membership (Bollen, 2002). In comparison to GMMs, 
LCGAs generally identify a greater number of classes (Feldman et al., 2009).  
Applicability of Models 
Some concerns have been raised about the use of mixture approaches such as GMM or 
LCGM. Specifically, it has been noted that while some populations are comprised of distinct 
groups, most populations contain a continuous distribution of individual levels (Nagin et al., 
2005). It has therefore been argued that mixture models run the risk of overfitting and 
identifying sample-specific qualitative structures when none truly exists in the population 
(Bauer, 2007). This is not to say that a class solution cannot fit the data; but rather “latent 
trajectory classes are, in most cases, nothing more than artificial categories rendered from 
the true continuum of change” (Bauer, 2007 (p. 777)). It is therefore critical to consider how 
research questions may drive approach selection. Specifically, for research questions related 
to qualitative speculation, mixture approaches are necessary to examine the presence of sub-
groups. However, for questions that seek to estimate population heterogeneity both LCMs 
and mixture methods may be useful. Researchers therefore need to consider not only the 
underlying assumptions of data and models, but also how the choice of modelling method 
may impact on the interpretation of population heterogeneity (i.e., continuous versus groups).  
Distribution Specification 
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Common forms of the models discussed above assume to some extent a normal distribution 
in the estimation of growth parameters. Mixture approaches soften this assumption by 
utilising several normal distributions (GMM) or purely discrete classes (LCGA). Concerns 
have been raised that these approaches may extract too many classes, as additional classes are 
needed to represent skewed parts of the distribution (Bauer, 2007; Macia et al., 2018). 
However, these models can be further adjusted to specifically allow for non-normal 
distributions. For example, observed data can be specified as counts (as opposed to 
continuous data) and more suitable growth parameter distributions can be assumed. Models 
that assume a negative binomial distribution can be appropriate for substance use count data 
as they handle both over-dispersion and an excess number of zeros (Zeileis et al., 2008). 
Statistical programs such as Mplus allow for these accommodations. 
Current Study  
The purpose of this study is to facilitate informed decision making around model selection. 
Specifically, the aim is to demonstrate the process and impact of applying commonly used 
growth modelling methodologies to the quantification of substance use growth over time. We 
additionally explore the importance of specifying the data’s distributional form as normal 
(continuous) or negative binomial (counts). To exemplify these methods, we utilise alcohol 
and cannabis use data from a large Australian population-based cohort study.  
2.1 Method 
Participants were from the Australian Temperament Project (ATP), a large multi-wave 
longitudinal study (16 waves) tracking the psychosocial development of young people from 
infancy to adulthood. The baseline sample consisted of 2443 infants aged between 4-8 
months from urban and rural areas of Victoria, Australia. Attrition in the ATP has been 
sustained at approximately 1% per annum, with a bias toward loss to follow-up of parents 
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from lower socio-demographic and non-Australian-born backgrounds (Letcher et al., 2012). 
Further information regarding sample characteristics are available elsewhere (Vassallo and 
Sanson, 2013). 
To be included in the study, participants needed to provide self-report survey responses 
relating to alcohol or cannabis frequency for at least one of the six time points (ages 13-14, 
15-16, 17-18, 19-20, 23-24, and 27-28 years).For alcohol use, this resulted in a sample size of 
1468 (745 female), of which 71.39% completed four or more waves. For cannabis use, this 
resulted in a sample size of 549 (270 female), of which 62.66% completed four or more 
waves. 
2.1.1 Measures of substance use: 
The number of days per month that participants used alcohol was assessed at all six waves, 
whilst cannabis use was assessed at five waves (i.e., not at age 13). Scores could range from 0 
to 30 days for each substance type.  
2.2 Statistical Analysis  
Mplus Version 8 (Muthén and Muthén, 2010) was used for all analyses (Mplus syntax 
available in the supplementary material and https://osf.io/2ytfa/). All models were estimated 
separately for each substance type. We first estimated LCMs. We next estimated the GMMs, 
for which the variance of growth parameter was estimated for each class, although these were 
held equal across classes. Finally, we estimated the LCGAs, where the variance of each 
growth parameter is restricted to zero across all classes. Each analysis was run by both 
specifying the data as continuous and assuming a normal distribution (models referred to as 
continuous) and as counts and assuming a negative binomial distribution (models referred to 
as NegBin). In all models we estimated four parameters (intercept, linear, quadratic, and 
cubic growth) that characterise growth over time. We attempted to estimate the variance of 
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all growth parameters in applicable models (i.e., LCM and GMM). If this resulted in a model 
that was not-well identified, we restricted the variance of the highest polynomial (e.g., first 
cubic, then quadratic, etc.). Additionally, the residual variance of cannabis frequency at age 
27-28 years was set to zero. Constraints imposed on the LCMs were applied to the GMMs. 
Missing data were accounted for using a full information maximum likelihood (FIML) 
approach. We employed the maximum likelihood estimator with robust standard errors 
(MLR), which is appropriate to handle non-normal continuous and count data (Muthén and 
Muthén, 2010).  
We estimated GMM and LCGA models with an increasing number of classes until models 
were not well identified or the addition of another class did not improve model fit. The 
suitability of each solution was evaluated based on several statistical and observational 
criteria. A number of fit criteria were used to evaluate model selection: the Log Likelihood 
value (LL), the Bayesian Information Criterion (BIC), the Consistent Akaike's Information 
Criterion (CAIC), the Approximate Weight of Evidence Criterion (AWE), the adjusted Lo-
Mendell-Rubin likelihood ratio test (LMR), and the Vuong-Lo-Mendell Rubin likelihood 
ratio test (VLMR). For the BIC, CAIC, and AWE, smaller values indicate better fit (Little, 
2013). For the LMR and VLMR a p-value less than 0.05 indicates better fit for that class 
solution (k) compared to the previous class solution (k-1). Additionally, while entropy was 
not used to select a class solution, it is useful in interpreting class solutions. Entropy with 
values closer to 1 indicate clear delineation of classes (Celeux and Soromenho, 2006), and 
0.80 is often used as an acceptable level (Nájera Catalán, 2018).Upon deciding the most 
suitable class solution, participants were assigned to the trajectory class for each substance 
type for which they had the highest probability of membership. 
3.1 Results 
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Detailed information regarding class selection for the GMM and LCGA solutions is presented 
in the supplementary material. Fit indices for the selected models are presented in Table 1. 
Estimates of the mean and variance for the intercept, linear, quadratic, and cubic growth 
parameters for the selected models are additionally presented in Table 1.  
 
INSERT TABLE 1. 
3.1.1 Latent Curve Models 
Figure 1 presents the mean growth trajectories for alcohol, binge drinking, tobacco, and 
cannabis use, for both the continuous and NegBin LCMs. The NegBin LCMs had better fit 
across all indices for alcohol and cannabis models. 
 
INSERT FIGURE 1. 
 
The continuous LCMs indicated that for both alcohol and cannabis, use had initiated at 
baseline. For cannabis, there was evidence for linear, quadratic, and cubic growth; however, 
for alcohol, there was evidence of only linear and cubic growth. There was evidence to 
suggest subject-specific variation in the intercept as well as linear and quadratic growth 
parameters (cubic not estimated). For the NegBin LCMs, in both alcohol and cannabis there 
was evidence that use had initiated at baseline and of linear, quadratic and cubic growth. 
There was evidence to suggest subject-specific variation in the intercept as well as linear and 
quadratic growth parameters (cubic not estimated). 
3.1.2 Growth Mixture Model 
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Figure 2 presents the mean growth trajectory classes for alcohol and cannabis use for the 
selected continuous and NegBin GMMs. The NegBin GMMs had better fit across all indices 
for alcohol and cannabis models. 
 
INSERT FIGURE 2. 
 
The selected GMM (continuous) solutions identified a single trajectory class (LCM results 
above) for alcohol and two cannabis classes (1 - low use: 89.80%; 2 - high use: 10.20%). For 
cannabis, there was evidence to support variation in the intercept as well as linear and 
quadratic growth parameters (but not cubic). Entropy values were high for the cannabis 
(0.96) model, suggesting good separation amongst the classes. The selected GMM (count) 
solution identified two alcohol trajectory classes (1 - low use: 87.47%; 2 - high use: 12.53%) 
and two cannabis classes (1 - low use: 83.61%; 2 - high use: 16.39%). For alcohol use there 
was evidence to support variation in the intercept and linear growth parameters (quadratic 
and cubic not estimated) and for cannabis use there was evidence to support variation in the 
intercept (linear, quadratic, and cubic growth parameters not estimated). Entropy was low for 
alcohol (0.67) and slightly below the acceptable cut-point (0.76) for cannabis, suggesting that 
the classes may not be well delineated. 
3.1.3 Latent Class Growth Analysis  
Figure 3 presents the mean growth trajectory classes for alcohol and cannabis use for the 
selected continuous and NegBin LCGAs. For each analysis, the variance of all growth 
parameters was set to zero. The NegBin LCGAs had better fit across all indices for alcohol 
and cannabis models. 
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INSERT FIGURE 3. 
 
In the continuous LCGAs, we identified four alcohol trajectory classes (1 - low use: 80.93%; 
2 - high use: 13.28%: 3 - low-high-low-high use 3.54%; 4 - high-low-high-low use: 2.25%) 
and two cannabis classes (1 - low use: 88.89%; 2 - high use: 11.11%). For the alcohol and 
cannabis models, entropy values of 0.86 and 0.95, respectively, indicated good separation of 
classes. In the NegBin LCGAs, we identified two alcohol classes (1 - low use: 43.19%; 2 - 
high use: 56.81%) and two cannabis classes (1 - low use: 73.95%; 2 - high use: 26.05%). 
Entropy values however were low for both the alcohol and cannabis models (0.57 and 0.70, 
respectively), suggesting poor separation amongst the classes. 
4.1 Discussion 
In this comparative study we examine the relative strengths and weakness of three common 
growth modelling methodologies (latent curve models, growth mixture models, and latent 
class growth analysis) to quantify change in alcohol and cannabis use from ages 13-14 to 27-
28. For each model we specified the data as both continuous (assumed normal distribution) 
and as counts (assumed negative binomial distribution). Our goal was to illustrate how 
modelling approaches influence the depiction of population growth in real substance use data. 
Broadly, our results suggest that substance use researchers would benefit from: (1) adopting a 
complementary framework incorporating both LCMs and mixture models to balance both the 
strengths and weakness of both approaches; and (2) modelling distributions appropriate to the 
data. 
Our results highlight that interrogating substance use data and considering the distribution 
should occur prior to any modelling procedures. Specifically, in comparing the continuous 
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and NegBin models, the selected NegBin models provided better fitting solutions across the 
range of indices (i.e., lower values) across all approaches. This was apparent for both alcohol 
and cannabis use, suggesting that correctly specifying the data distribution was critical to 
better fit growth modelling solutions for a range of response patterns. This finding provides 
general support for previous simulation work which stressed the importance of correctly 
specifying count data distributions (Macia et al., 2018).  
Despite the improvements in fit, the estimated mean trajectory of the continuous and NegBin 
LCMs was relatively similar. Previous work has also suggested that incorrectly specified 
distributions may result in the incorrect number of classes being extracted form mixture 
models (Macia et al., 2018). While this was notable in the alcohol use models, the same 
number of classes were identified in both the continuous and NegBin cannabis models. There 
were however differences in the estimate mean solutions. Together this suggests that in order 
to achieve well-fitting solutions and accurate trajectory shapes, substance use researchers 
should carefully interrogate their data before use and ensure selected models estimate 
solutions in which appropriate distributions have been assumed (such as negative binomial). 
Within the NegBin approaches our findings suggested that the GMM solutions were the best 
fitting for both alcohol and cannabis use. However, there were additional issues requiring 
consideration for these models. First, the variance of numerous growth parameters had to be 
restricted to zero to enable model estimation. For example, for cannabis use we were only 
able to estimate the variance of the intercept (almost a LCGA). Consequently, while it has 
been suggested that GMMs should be preferred over LCGA, as they provide further 
information regarding individual variability (King et al., 2017), analytic limitations mean that 
the estimating the variance in growth parameters of interest may not always be possible. This 
means that researchers may run into inadmissible solutions when estimating the variance of 
high polynomial growth parameters (e.g., cubic growth), and my thus be analytically 
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restricted to simpler GMMs than may be customary in continuous models. These 
considerations apply similarly to LCMs, as illustrated by the cannabis model. 
Second, the entropy values were below the recommended cut-off of 0.80, although only 
slightly below for the cannabis models. This issue was also apparent in the LCGAs. While 
entropy is not a measure of fit (i.e., NegBin models still fit better than continuous models), 
low entropy suggests that the model may not be useful in identifying homogenous groups 
(Celeux and Soromenho, 2006). This makes the utility of such models uncertain and entreats 
researchers to be cautious in interpreting the most-likely classes for solutions, despite the 
improvement in fit.  
In light of these concerns, LCMs present as an enticing complementary solution for several 
reasons. First, in terms of fit, while the LCMs were not the best fit, fit indices were only 
slightly higher than those observed in the GMMs and even better than those in the LCGAs for 
alcohol, suggesting relatively good fit. Second, LCMs estimated the variance of more growth 
parameters yielding more detailed information about the individual variability of growth 
trajectories. Third, the LCMs do not suffer from limitations imposed by low entropy values. 
Finally, LCMs quantify the population variability on a continuum, aligning with 
representations of population variability as innately continuous rather than categorical 
(Bauer, 2007). 
 The current findings highlight further considerations for researchers. Studies have suggested 
that although a decision to restrict growth parameter variation may be a quick and effective 
solution, they require careful consideration. For example, when growth parameter variation is 
restricted, an autoregressive structure that distorts the nature of the mixtures may emerge; 
although this may be handled by explicitly modelling this structure (Gilthorpe et al., 2014). 
Others have suggested that issues modelling the variance of growth parameters may be 
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indicative of structural misspecification, of which several tests have been proposed (see 
Kolenikov and Bollen, 2012), although these are not yet provided as default outputs in 
common SEM packages. Furthermore, decisions made to constrain growth parameter 
variance to be equal across classes, while resulting in simpler models to estimate, may mean 
that parameters of greater interest (i.e., class mean estimates) are biased (Enders and Tofighi, 
2008). Additionally, low entropy values are of concern when wanting to analyse the most-
likely class membership status, like in the alcohol mixture models. However, methods such as 
the 3-step approach (Asparouhov and Muthén, 2014), allow the incorporation of 
measurement error when using the most-likely class variable. 
In summary, mixture models consistently provided solutions that were statistically better 
fitting than LCMs. On the other hand, the LCMs were not substantially worse in terms of fit 
than the mixture approaches, were able to estimate the variance of more growth parameters, 
and were not limited by issues of entropy. Additionally, NegBin models were consistently of 
better fit than their continuous counterparts. These findings demonstrate that researchers 
would be able to achieve the most robust results by utilising these methods in unison and 
examining whether there is consistency in interpretation of findings. There are however, 
some key limitations are of note. First, the use of real data is valuable in demonstrating how 
models may look, but these findings may not necessarily generalise to other populations. 
Second, we were unable to explore all growth modelling methods that could be applied to 
substance use data (i.e., zero-inflated models). Of particular relevance to substance 
researchers, Muthen and Asparouhov (2015) suggest the use of growth modelling approaches 
that employ the skew-t distribution. The skew-t distribution includes model parameters that 
capture the skew of scores. As such these models are suggested to capture non-normality 
without increasing the risk of extracting an increased number of latent classes. 
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In conclusion, this paper demonstrated the strengths and weaknesses of several common 
growth models. Our results suggest that substance use researchers would benefit from 
adopting a complementary framework, by modelling both LCMs and mixture models, to 
capitalise on the strengths and weakness of each approach. Modelling assuming appropriate 
distributions for substance use data was also critical. Future substantive work should 
endeavour to provide both a comprehensive understanding of substance use growth by 
utilising multiple methods and an accurate estimation of growth by focusing on the 
distribution of data.  
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Figure 1. Estimated latent curve model trajectory for alcohol and cannabis use frequency 
when data were modelled as continuous (solid lines) and counts (dashed lines)  
 
 
Figure 2. Estimated growth mixture model trajectory classes for alcohol and cannabis use 
frequency when data were modelled as continuous (solid lines) and counts (dashed lines) 
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Figure 3. Estimated latent class growth analysis trajectory classes for alcohol and cannabis 
use frequency when data were modelled as continuous (solid lines) and counts (dashed lines) 
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Table 1. Fit statistics of the selected Latent Curve Models, Growth Mixture Models, and 
Latent Class Growth Analyses (continuous and count models) with the mean and variance 
estimates of growth parameters for alcohol and cannabis use frequency data 
 Model Np
ar 
LL BIC CAI
C 
AW
E 
L
M
R 
VL
M
R 
Ent
rop
y 
Cla
sse
s 
Cla
ss 
Siz
e 
(%) 
Inte
rcep
t M 
(V) 
Lin
ear 
M 
(V) 
Qua
drati
c 
M 
(V) 
Cu
bic 
M 
(V
) 
  
Alcohol (N = 1468) 
 
LC
M   
Cont 16 -
187
96.3
0 
377
09.2
7 
377
25.2
7 
378
73.9
4 
- - - - - 0.89
6 
(3.1
36) 
0.9
60 
(0.
863
) 
0.01
8 
(0.00
5) 
-
0.0
03 
(n.
e.) 
NegBi
n 
16 -
153
30.5
3 
307
77.0
7 
307
93.7
3 
309
42.4
0 
- - - - - -
0.69
3 
(1.7
61) 
0.7
55 
(0.
058
) 
-
0.07
0 
(<0.
0001
) 
0.0
02 
(n.
e.) 
                
G
M
M  
Cont   2-class solution did not fit better than the 1-class solution (Cont LCM) 
 
NegBi
n 
18 -
153
06.3
8 
307
44.0
2 
307
62.0
2 
309
29.2
7 
0.
03
7 
0.0
34 
0.6
7 
1 87.
47
% 
-
0.37
8 
(0.7
89) 
0.6
42 
(0.
005
) 
-
0.05
2 
(n.e.
) 
0.0
01 
(n.
e.) 
          2 12.
53
% 
-
0.59
3 
(0.7
89) 
0.6
36 
(0.
005
) 
-
0.08
2 
(n.e.
) 
0.0
03 
(n.
e.) 
                
LC
G
A  
Cont 25 -
180
29.7
3 
362
41.7
4 
362
66.7
4 
364
99.0
4 
0.
02
5 
0.0
23 
0.8
6 
1 80.
93
% 
0.38
0 
(n.e.
) 
0.8
43 
(n.e
.) 
-
0.01
2 
(n.e.
) 
-
0.0
01 
(n.
e.) 
 2 13.
28
% 
0.85
8 
(n.e.
) 
0.5
09 
(n.e
.) 
0.39
1 
(n.e.
) 
-
0.0
25 
(n.
e.) 
 3 3.5
4% 
2.87
6 
(n.e.
) 
10.
360 
(n.e
.) 
-
1.91
6 
(n.e.
) 
0.0
88 
(n.
e.) 
 4 2.2
5% 
13.7
04 
(n.e.
) 
-
4.6
14 
0.84
8 
(n.e.
) 
-
0.0
38 
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(n.e
.) 
(n.
e.) 
NegBi
n 
15 -
154
82.1
9 
310
73.7
4 
310
88.7
5 
312
28.1
2 
0.
00
1 
0.0
01 
0.5
7 
1 43.
19
% 
-
1.58
5 
(n.e.
) 
0.8
28 
(n.e
.) 
-
0.07
1 
(n.e.
) 
0.0
02 
(n.
e.) 
         2 56.
81
% 
0.50
4 
(n.e.
) 
0.5
17 
(n.e
.) 
-
0.04
6 
(n.e.
) 
0.0
01 
(n.
e.) 
   
 
 
Table 1. Continued 
 Mod
el 
N
pa
r 
LL BIC CAI
C 
AW
E 
LM
R 
VL
MR 
Entr
opy 
Cla
sses 
Cla
ss 
Siz
e 
(%) 
Inter
cept 
M 
(V) 
Lin
ear 
M 
(V) 
Qua
drati
c 
M 
(V) 
Cu
bic 
M 
(V
) 
  
Cannabis (N = 549) 
 
LC
M   
Cont 14 -
644
9.82 
1298
7.95 
1300
1.95 
1311
8.26 
- - - - - 1.75
5 
(14.
448) 
1.0
43 
(3.0
05) 
-
0.14
0 
(0.01
4) 
0.0
05 
(n.
e.) 
Neg
Bin 
12 -
373
6.87 
7549
.44 
7561
.44 
7661
.14 
- - - - - -
0.18
0 
(1.6
80) 
0.4
90 
(0.0
22) 
-
0.07
6 
(n.e.) 
0.0
03 
(n.
e.) 
                
G
M
M  
Cont 19 -
609
5.03 
1230
9.92 
1232
8.92 
1248
6.77 
0.0
05 
0.0
04 
0.96 1 89.
80
% 
1.32
8 
(12.
115) 
0.7
36 
(1.6
37) 
-
0.13
9 
(0.00
9) 
0.0
06 
(n.
e.) 
 2 10.
20
% 
5.46
1 
(12.
115) 
3.6
44 
(1.6
37) 
-
0.13
0 
(0.00
9) 
-
0.0
03 
(n.
e.) 
 Neg
Bin 
15 -
371
0.84 
7516
.293 
7531
.29 
7655
.92 
0.0
02 
0.0
02 
0.76 1 83.
61
% 
0.01
6 
(0.4
61) 
0.6
65 
(n.e
.) 
-
0.19
5 
(n.e.) 
0.0
12 
(n.
e.) 
          2 16.
39
% 
0.70
1 
(0.4
61) 
0.6
39 
(n.e
.) 
-
0.06
1 
(n.e.) 
0.0
02 
(n.
e.) 
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LC
GA  
Cont 14 -
614
0.33 
1236
8.97 
1238
2.97 
1249
9.28 
0.0
30 
0.0
27 
0.95 1 88.
89
% 
1.23
4 
(n.e.
) 
0.8
10 
(n.e
.) 
-
0.18
4 
(n.e.) 
0.0
10 
(n.
e.) 
 2 11.
11
% 
5.13
8 
(n.e.
) 
3.1
26 
(n.e
.) 
0.14
3 
(n.e.) 
-
0.0
26 
(n.
e.) 
Neg
Bin 
14 -
368
7.66 
7526
.71 
7540
.71 
7657
.03 
<0.
001 
<0.
001 
0.70 1 73.
95
% 
-
0.39
4 
(n.e.
) 
0.2
35 
(n.e
.) 
-
0.05
7 
(n.e.) 
0.0
03 
(n.
e.) 
         2 26.
05
% 
1.37
8 
(n.e.
) 
0.5
05 
(n.e
.) 
-
0.07
0 
(n.e.) 
0.0
03 
(n.
e.) 
Note: Cont = Continuous model; NegBin = negative binomial count model; Npar = number of parameters; LL = 
Log-likelihood value; BIC = Bayesian Information Criterion; CAIC = Consistent Akaike's Information 
Criterion; AWE = Approximate Weight of Evidence Criterion; LMR= adjusted Lo-Mendell-Rubin 
likelihood ratio test; VLMR = Vuong-Lo-Mendell Rubin likelihood ratio test; M = mean; V = variance; 
n.e. = specified as not estimated in the model; bolded values indicate p < 0.05. 
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